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Catastrophic natural hazards, such as earthquake, pose serious threats to properties and human lives in urban
areas. Therefore, earthquake risk assessment (ERA) is indispensable in disaster management. ERA is an inte-
gration of the extent of probability and vulnerability of assets. This study develops an integrated model by using
the artificial neural network–analytic hierarchy process (ANN–AHP) model for constructing the ERA map. The
aim of the study is to quantify urban population risk that may be caused by impending earthquakes. The model is
applied to the city of Banda Aceh in Indonesia, a seismically active zone of Aceh province frequently affected by
devastating earthquakes. ANN is used for probability mapping, whereas AHP is used to assess urban vulnerability
after the hazard map is created with the aid of earthquake intensity variation thematic layering. The risk map is
subsequently created by combining the probability, hazard, and vulnerability maps. Then, the risk levels of
various zones are obtained. The validation process reveals that the proposed model can map the earthquake
probability based on historical events with an accuracy of 84%. Furthermore, results show that the central and
southeastern regions of the city have moderate to very high risk classifications, whereas the other parts of the city
fall under low to very low earthquake risk classifications. The findings of this research are useful for government
agencies and decision makers, particularly in estimating risk dimensions in urban areas and for the future studies
to project the preparedness strategies for Banda Aceh.1. Introduction
The destructive power of earthquakes is very strong, has a wide-range
effect, and endangers the safety of human lives and properties (Xu and
Dai, 2010). Indonesia is one of the highly seismically active countries in
the world with severe damage rates (Sørensen and Atakan, 2008). The
country has experienced a number of destructive earthquakes in the last
two decades. Indonesia consists of several thousands of small islands
situated along the continental oceanic plate boundary of the Eurasian
plate and Indo–Australian plate in the central part of the Alpi-
ne–Himalayan seismic belt (Granger et al., 1999; Petersen et al., 2001).
Trends on plate tectonics reveal the Indian plate to be part of the largedelling and Geospatial Informatio
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s (Beijing) and Peking University.
/licenses/by-nc-nd/4.0/).Indo–Australian plate underlying Bengal Bay and Indian Ocean. The plate
motion is towards the northeastern direction with an average speed of 6
cm annually (Sørensen and Atakan, 2008). The plate subducts beneath
the Burma plate as a microplate of the large Eurasian plate at the region
of Sunda trench (Sørensen and Atakan, 2008). This subduction process
creates thrust faults and volcanic activities, the two major reasons of
earthquakes in Indonesia (Bellier et al., 1997).
Indonesia has experienced a large number of earthquakes based on
historical records and information from the earthquake database of the
United States Geological Survey (USGS). The meeting of the tectonic
plates produces a reverse fault system governed by regional geology and
active volcanos. According to worldwide earthquake databases, 150 orn Systems (CAMGIS), School of Information, Systems and Modelling, University
dhan).
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exceeded 266,270 in the last 400 years in different regions of Indonesia.
Some high deformation rates have triggered many large earthquake
events (8.0), such as the 1861 Nias event, 2004 event in the Indian
Ocean, and the Simeulue event in 2005 (ISMNPD, 2004). The Suma-
tra–Andaman megathrust earthquake in 2004 is the second largest
magnitude earthquake recorded to date (Bilham and Ambrasey, 2005).
The earthquake created a rupture of 1300 km (length) characterized by
seven separate segments from the northwest to the Andaman Islands at
more than 1600 km (Bilham and Ambrasey, 2005). The earthquake
duration is the longest event period recorded at approximately 600 s.
Youngs et al. (1997) and Lin and Lee (2008) explained that the inter-
tectonic subduction of the plate was associated with the event and
bedrock movement. In Indonesia, the recorded human toll in Aceh
province and North Sumatra due to the 2004 earthquake was approxi-
mately 110,229 deaths, 12,123 missing, and 703,518 displaced (Siemon
et al., 2005). The details of fatalities and injuries are presented in Table 1.
Infrastructure damage due to the dominant disastrous earthquakes may
be due to the use of poor constructionmaterials. Damage to buildings was
caused by the earthquake magnitudes (i.e., 8.0) that used to frequently
occur in Aceh province, thus continuously affecting the city of Banda
Aceh (ISMNPD, 2004; Irwansyah, 2010). The total damage estimated for
the buildings accounted for 35% of total buildings (ISMNPD, 2004; Sie-
mon et al., 2005).
Banda Aceh is the capital city of Aceh province that is exposed
potentially to a significant earthquake vulnerability and risk along the
major fault of Great Sumatran Fault (GSF). GSF is a right-lateral strike-
slip fault that has not experienced any large earthquake in the northern
part of the fault particularly in Banda Aceh from the last 200 years
(Irwansyah, 2010). This tranquil part of the fault is considerably recog-
nized as a seismic gap in Aceh province (Irwansyah, 2010). An accu-
mulation of increased stress along the GSF may be observed due to the
collision between plates. Petersen et al. (2001) mentioned the capability
of GSF for producing up to M ¼ 7.9 event, as the history explained the
capability of M ¼ 7.7 that has occurred along this fault. This earthquake
occurred in 1892 near the city of Sibolga (approximately 570 km at the
southeast of Banda Aceh) (Petersen et al., 2001; Siemon et al., 2005).
Furthermore, Banda Aceh is situated on thick sedimentary alluvium de-
posits (Siemon et al., 2005). However, the site amplification probability
is extremely high in the thick alluvium (Brebbia et al., 1996; Setiawan,
2017; Setiawan et al., 2018). Therefore, estimate the seismic site
amplification of Banda Aceh is required by recognizing the probability of
future earthquakes because the city is surrounded by several earthquake
events (Lin and Lee, 2008). The city has experienced ground shaking due
to some major earthquakes in the recent years. Moreover, understanding
Banda Aceh’s vulnerability and risk due to earthquakes is essential and
significant for urban planning (Zhang and Jia, 2010). The probability,
hazard, and social vulnerability analysis can be applied in future risk
mapping and decision management by considering the risk reduction,
prevention, and mitigation (Davidson and Freudenburg, 1996; Davidson,
1997; Davidson and Shah, 1997; Turner et al., 2003; Wisner et al., 2003;
Adger et al., 2004; Yücemen et al., 2004; Rygel et al., 2006; Birkmann,
2007; Pradhan and Jena, 2016; Pradhan et al., 2018; Setiawan et al.,
2018). In the current analysis, the hazards and vulnerability resulting in
high ability and stand on socially operated attributes and contexts, for a
large population, are unsheltered. Research scholars and scientists have
divergent definitions for the notion of vulnerability and risk because of
the complexity behavior (Cutter, 1996; Adger et al., 2004; Tierney, 2006;
Khan, 2012; Hosseini et al., 2014; Beccari, 2016). Very few similar
studies have been conducted for earthquake vulnerability assessment
using GIS technique and not any detailed analysis has been conducted for
risk assessment (Bathrellos et al., 2017; Alizadeh et al., 2018a, b).
However, the novelty in this work lies in the proposed integrated scheme,
which can provide a comprehensive analysis of probability, hazard,
vulnerability and risk with good accuracy that can be used for urban
planning; a future strategy to reduce the impact and the work describes614the strength, limitations and applicability of the developed model. This
paper would be useful for model developers, seismic researchers, scien-
tists, academicians, and research scholars.
The remainder of the article is structured as follows. Section 2 de-
scribes the related literature review. Sections 3 and 4 describe the study
area and data acquisition. Section 5 explains the details of the developed
methodology with the architecture. Section 6 provides the details of re-
sults and discussion. Section 7 concludes the paper with major
concluding remarks.
2. Previous works on earthquake prediction and probability,
vulnerability, and risk assessment
We divide this section into three subsections. The first subsection
discusses about earthquake probability mapping and forecasting. The
second subsection provides a brief description of vulnerability, and the
third section provides the overview of risk assessment using various
methods.
Avoiding earthquakes may be impossible, but accurate predictions
and early warning can reduce the effect of the damage and consequences.
Research shows that natural hazards, such as earthquakes, are measured
by probabilities, which explain the identification of potential zones for
earthquakes in a semi quantitative analysis (Wang et al., 2006). Hazard is
the probability of an earthquake in a specific geographic position within
a period, and the intensity of ground shaking crosses a given threshold.
Artificial neural network (ANN) has a wide range of applications, ranging
from civil engineering (Karunanithi et al., 1994) to image processing
(McIlraith and Card, 1997) and to geology and seismology (Zhao and
Takano, 1999). ANN has been used in earthquake prediction and prob-
ability by calculating the importance of seismicity indicators for small
and large events (Panakkat and Adeli, 2007). Researchers have used
different ANN architectures for earthquake prediction. A recurrent neural
network was developed by Panakkat and Adeli (2009) for the prediction
of earthquake time and location by using eight seismicity indicators (e.g.,
T (time), a (latitude), and μ (days)). Moreover, they analyzed several sets
of events and computed the latitude and longitude of the location of
epicenter, as well as the occurrence time for the same events. Pradhan
and Lee (2009, 2010) used ANN model for the landslide hazard and risk
assessment using remote sensing and GIS. Turmov et al. (2000) devel-
oped earthquake-induced tsunami prediction models using the mea-
surement of electromagnetic and elastic waves simultaneously. Shimizu
et al. (2008) studied earthquake forecasting using the technique of
sample-entropy based on the VAN method.
The concept of vulnerability is associated with exposure to disaster,
which is a prerequisite for risk mapping (Tierney, 2006). More recently,
Zebardast (2013) proposed the hybrid factor analysis approach and an-
alytic network process model for projecting a composite social vulnera-
bility index by aggregating the vulnerability indicators. The main
objective in this research was to develop a hybrid firefly algorithm (FA)
and analytical network process (ANP), (F’ANP) model for the assessment
of social vulnerability and to apply in county scale. Gulkan and Sozen
(1999) developed a model for seismic vulnerability of concrete and
masonry buildings. They explained their methods through the ratios of
column and walls using graphical representation. Pay (2001) proposed a
novel method for the seismic vulnerability assessment of buildings using
the discriminant technique analysis in Turkey. The success rate achieved
by Pay was approximately 71.1%. Yakut et al. (2003) proposed another
model for the earthquake vulnerability assessment of the reinforced
concrete buildings. The method was similar to that of Pay. However,
statistical analysis was included in their model. They achieved an accu-
racy of 80.3% for the highly damaged buildings. Bahadori et al. (2017)
developed an integrated model best suited for the assessment of seismic
vulnerability of buildings in Mahabad City in Iran. Themethodology is an
integration of five parameters, such as geotechnical, social, seismolog-
ical, distance to dangerous facilities, and access to vital facilities along
with the sub-parameters. Zhang et al. (2017) described the construction
Table 1
Fatalities and injuries in different regions of Indonesia due to earthquake events.
No. Year Region Fatalities Injuries Remarks Sources




2 2017 Java, Ambon 5 36
3 2016 Sumatra 104 1273 Heavy damage in Aceh region NOAA
4 2015 Papua 1 Buildings damaged or destroyed NOAA
5 2013 Sumatra 43 276 USGS
6 2012 Wharton Basin 12 12 Doublet & building damage
7 2011 Sumatra 10
8 2010 Sumatra, Papua 425 62 Tsunami (local), hundreds missing
9 2009 Sumatra, Java, Talaud, West Papua 1201 4266 Severe damage, Local tsunami, doublet NGDC
10 2008 Sulawesi, Simeulue 7 59 USGS
11 2007 Sumatra, Molucca Sea 95 548 USGS
12 2006 Sumatra, Java, Seram 6428 47,867 Tsunami (Local & regional), extreme damage
13 2005 Sumatra 1314 1146 USGS
14 2004 Sumatra–Andaman, Papua, Alor, Western New
Guinea, Bali
228,002 629 Tsunami (basin wide), severe damage, doublet, several thousand
buildings damaged
NGDC
15 2003 Halmahera 1 Extensive damage
16 2002 Sumatra, Western New Guinea 11 65 Tsunami & damage
17 2000 Sumatra, Sulawesi 149 2438 Tsunami & destruction NGDC
18 1996 Biak, Sulawesi 174 423 Local tsunami
19 1995 Sumatra 84 1868 Extreme damage NGDC
20 1994 Java, Sumatra 457 2000þ Tsunami NGDC
21 1992 Flores 2500 500 Severe damage (Tsunami)
22 1989 West Papua 120 125
23 1984 Sumatra 1
24 1982 Flores 15 390
25 1981 Papua 305 Thousands missing
26 1979 Bali 30 200þ
27 1977 Sumba 180 1100 Tsunami(local)
28 1976 Bali, Papua 995 4750 Landslides, thousands missing USGS, NGDC
29 1968 Sulawesi 213
30 1965 Sanana 73
31 1943 Sumatra, Java 213 2096 Extensive damage NGDC
32 1938 Banda Sea Local tsunami
33 1935 Sumatra Local tsunami
34 1917 Bali 1500 Landslides
35 1899 Seram 3864 Destructive
36 1867 Java 8 Extensive damage NGDC
37 1861 Sumatra 2000þ
38 1852 Banda Sea Severe damage NGDC
39 1833 Sumatra 1000þ Tsunami (local)
40 1815 Bali 10,253 Tsunami NGDC
41 1797 Sumatra 1000þ Tsunami(local) USGS
42 1699 Batavia (Jakarta) 30 Building collapsed
43 1674 Ambon Serem 89 135 Tsunami & building damage NGDC
44 1629 Banda Sea Regional tsunami
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vulnerability using a rough set up based on catastrophe progression.
Karimzadeh et al. (2017) prepared a Vs30 map by applying an indirect
approach using geological and topographical data in Iran. Alizadeh et al.
(2018a, b) developed a new model for the earthquake urban vulnera-
bility and tested it for the Tabriz City of Iran. They observed reasonably
good results due to the use of hybrid ANN and analytic hierarchy process
(AHP) approach. They achieved an accuracy of 90%. Alizadeh et al.
(2018a, b) and Panahi et al. (2014) proposed a model for the seismic
vulnerability assessment of the urban buildings in Tabriz City of Iran by
using the Multi Criteria Decision Making (MCDM) approach.
Zhihuan and Junjing (1990) applied fuzzy logic in their research on
damage and risk assessment. Mili et al. (2018) proposed a holistic model
for earthquake risk assessment (ERA) and determining the risk reduction
and management priorities in urban areas. Chaulagain et al. (2015)
presented the estimation of structural vulnerability and successfully
analyzed the risk and the expected economic losses for future earth-
quakes in Nepal. They used the Open Quake-engine for earthquake
hazard and risk in Nepal. Ram and Guoxin (2013) explained the seismic
ground motion that has been estimated by a probabilistic approach in
Nepal. They also calculated the peak ground accelerations (PGAs) using
seismic source information and probabilistic parameters in their study.
Khan et al. (2018) estimated the earthquake risk for developing countries615using the modern ERA methods in their article. They analyzed Pakistan
as a case study. They successfully estimated the earthquake risk using a
practical event-based PSHA method.
The motivation of this study indicates that Aceh is a seismic-prone
province on Sumatra with devastating seismic events that resulted in
severe casualties and damages (Petersen et al., 2001). Banda Aceh is
considered a high-risk zone for future seismic events because of its
unique geographical location, geostructural features, and quaternary
sedimentary rocks (Siemon et al., 2005; Irwansyah, 2010). Historical
analysis shows that the city has experienced severe ground shaking due
to devastating events (ISMNPD, 2004; Irwansyah, 2010). On the basis of
the probabilistic and deterministic approach, seismologists and geolo-
gists believe that strong events may hit the city in near future because of
the release of the accumulated stress in the seismic gap (Irwansyah,
2010). Thus, proposing further studies to generate risk assessment
models at the city-scale is necessary. Unfortunately, much fewer studies
are conducted at the city level by which an accurate assessment of
probability, hazard, and risk can be conducted (e.g., Kafle, 2006; Gita-
mandalaksana, 2009; Johar et al., 2013). Second, no comprehensive
model has been developed for Banda Aceh for a detailed ERA. However, a
literature review suggests that risk assessment and urban population risk
estimation is necessary to minimize the consequences and severity
(Wisner et al., 2003; Ram and Wang, 2013; Zebardast, 2013; Chaulagain
Fig. 1. Location map of study area.
R. Jena et al. Geoscience Frontiers 11 (2020) 613–634et al., 2015). To achieve this goal, this study (1) develops an integrated
model that combines ANN and AHP methods to produce an earthquake
risk map; (2) applies and assesses the dimensions of earthquake proba-
bility, hazard, and vulnerability for Banda Aceh; and (3) estimates the
urban population risk quantitatively and qualitatively. This research is
expected to help to reduce the earthquake impact by mapping the risk
zones and categorizing them into multiple classes.
3. Study area
The study area is located at 5330000N and 95190000E. The capital of
Aceh province is Banda Aceh, and it is the largest city. The city is located
at an elevation of approximately 35 m m.s.l. The city covers an area of
approximately 61.4 km2 based on the 2010 census; the city is populated
with 219,070 and 250,227 people based on the 2015 census (Johar et al.,
2013; Yuzal et al., 2015). Moreover, 10 ethnic groups can be found in the
city, of whom the Acehnese is the largest group that comprises approx-
imately 80%–90% of the total population (Yuzal et al., 2015). The most
noticeable Aceh fault is the measured structural discontinuity that passes
through Banda Aceh. The Aceh fault is active; however, no events are
experienced historically inside Banda Aceh. Banda Aceh was affected by
a 7.7 magnitude earthquake near the city in the NE region. The study area
is presented in Fig. 1.
The geology of Banda Aceh is composed of limestone, phyllite, and
slate (Culshaw et al., 1979). These rocks in the Cretaceous age in the616geological timescale, and the morphology indicates the mountainous
structure at the end of the northern Barisan range in Sumatra (Culshaw
et al., 1979). Massive and moderately weathered limestones are specif-
ically found in this range. In the western part of the Indrapuri, mixed
lithic conglomerates can be found at the outcrops. The wedges of
conglomeratic outcrops are placed between the limestone and the Qua-
ternary deposits and are believed to be of the Palaeogene age (Culshaw
et al., 1979). Fossiliferous sandstone deposits can be found in the upper
valley of Pliocene or early Pleistocene. These deposits show a shallow
water marine environment, thereby serving as evidence of a rise in
elevation up to 90 m m.s.l. due to the tectonic upliftment (Johar et al.,
2013). In the western side of the Krueng Aceh valley, the unconformable
Quaternary sedimentary deposits can be found. Banda Aceh is charac-
terized by quaternary sedimentary deposit along with some patches of
peridotitic rocks. Therefore, the Krueng Aceh valley forms a graben-type
structure between the Semangko fault and the splay main fault system
(Culshaw et al., 1979; Wang et al., 2006).
4. Data
For ERA, data are generally used from single or multiple sources.
Freely available earthquake data can be collected from several public and
private agencies. These sources are accessible from the Internet and
include the Advanced National Seismic System, United States Geological
Survey (USGS), National Earthquake Information Center (NEIC), and the
Table 2
Selected layers from literature and data types used in this study.
Criteria Selected layers Scale Type Resolution
(m)




























R. Jena et al. Geoscience Frontiers 11 (2020) 613–634Northern California Earthquake Data Center. We have collected the
complete earthquake catalog from USGS and NEIC of various magnitudes
with coordinates of latitude between 23000000N and 50000000N and
longitude between 943000000E and 990000000E. The probability and
vulnerability assessment are extremely challenging without considering
the significant criteria and the important indicators that depend on the
heterogeneity of the study location. The most vital and useful part of theFig. 2. Methodological flowcha
617approach is to select the criteria and indicators adequately to obtain an
accurate risk map for Banda Aceh. The details of the criteria and in-
dicators used for this research are presented in Table 2. Data for the
probability, hazard, and vulnerability assessment were collected from
various national and international agencies such as Statistics Indonesia
(www.bps.go.id/eng), GeoNetwork (http://www.fao.org/geonetwork),
and the USGS (https://earthquake.usgs.gov). On the basis of the objec-
tive and purpose of the study, collected data were used to prepare several
layers that were identified and selected after the extensive literature
review. A map can transform the qualitative raw data such as opinions of
people, observations and documents but it’s not easy to be crunched by a
statistical software. This can be performed by uncovering emerging
patterns, concepts, themes and insight logics. It needs a linked analytic
framework and classification techniques to clarify the underlying process
and construct a map. However, quantitative data can be represented
through choropleth maps or proportional maps using statistical software
(http://www.pbcgis.com/normalize/).
5. Methodology
5.1. The integrated ANN–AHP model
The developed model is constructed according to ANN with AHP to
conduct ERA. This section describes the different components of the
proposed model. We focus specifically on the architecture of the model.
The model consists of two main phases that combined ANN and AHP
methodology. However, the subsections of ANN are (1) ANN design, (2)
MLP algorithm, and (3) training and testing; those for AHP are (1) AHP
design, (2) various steps, and (3) implementation are described below.
The overall methodological flowchart is given in Fig. 2.
5.2. ANN architecture
Conceptually, the best definition of an ANN is a model that provides
output is a combination of some linear or non-linear inputs (Nedic et al.,rt of the developed model.
R. Jena et al. Geoscience Frontiers 11 (2020) 613–6342014). The mathematical algorithm of ANN is explained by several re-
searchers (Hagan et al., 1996; Saaty, 2013). The most popular and widely
used ANN is the multilayer perceptron (MLP) ANN model. An MLP is
characterized by three layers, namely, input, hidden, and output layers
(Nedic et al., 2014). Fig. 3 shows the framework of the ANN that was
applied in this study. Different data that were collected from several
sources, such as thematic data, were fed as the input layer in ANN
modeling. The trial and error approach will recognize the number of
hidden layers and the number of neurons in the network (Saaty, 2013;
Nedic et al., 2014). Determination of output layer neurons depends on
the application and class analysis type. Each neuron inside the hidden
layers begins interacting with the weight of the input neurons and pro-
cesses the data by linking to each other.
The processed network travels in a single “forward” direction
(Pradhan and Lee, 2009). Errors propagate in a backward direction to-
wards the inner ones to adjust the layer values.
Different steps of back-propagated ANN are described below (Zhao
and Takano, 1999; Pradhan and Lee, 2010):
1. Initialization: Set all the weights and biases to small real random
values.
2. Presentation of input and desired outputs: Present the input vector
x(1), x(2),…, x(N) and corresponding desired response d(1), d(2),…,
d(N), one pair at a time, where N is the number of training patterns.
3. Calculation of actual outputs through the multilayer perceptron
system.











The output probability is denoted as fbyjg and is assumed as fbyjg ¼
fxðLÞj g for all j ¼ 1; 2; …; nL. The mean square error (MSRE) for the
network can be expressed as e2nL where ej ¼ yj  byj is the error signal for
the jth output. Moreover, the instantaneous squared error can be calcu-
lated by e2 ¼ Pn L
j¼1
e2j . Therefore, in the learning part, the BP approach
minimizes the squared error by varying fωðlÞji } as per the gradient search
method, repetitively. The jth segment connected with the derivatives ofFig. 3. ANN architecture for eart







Then, these derivatives can be formulated as
δð1Þj ¼







i for l¼L1; L2;…;1
(3)
Eventually, the weights of the MLP are reorganized at the kth instant
as
ωðlÞji ðkþ 1Þ¼ωðlÞji ðkÞ þ ΔðlÞji ðkÞ and ΔðlÞji ðkÞ ¼ μδðlÞi xðl1Þi þ γδðlÞji ðk 1Þ
(4)
where μ is learning rate and γ signify momentum rate hyper-parameters.5.3. Neural network training and testing
Two sets of data are generally used for the analysis, namely, “training
set” and “test set”, which are needed for the ANNmodeling. The former is
applied to develop possible network weights properly by considering the
input and output links by the learning algorithm. The performance of the
trained network can be verified by applying the “test set” of data. Suit-
able data preparation is important in the accuracy for the training site of
the resultant probability map. The selection of acceptable parameters is
important during the training phase (Nedic et al., 2014; Alizadeh et al.,
2018a). For the training, we collected complete earthquake data from the
USGS site with various magnitude. For ANN, the model needs a huge
amount of training data. However, the collected data may not be suffi-
cient for modeling. Thus, the designed model in this research proposes a
developed training strategy. The collected data used for training and
trained are based on ANN.5.4. AHP architecture
Thomas L. Saaty developed analytical hierarchy process (AHP) in the
1970s, and it has been applied as a hierarchically structured technique
for organizing and analyzing the complex decisions (Panahi et al., 2014).
AHP has a wide range of applications in decision-making processes suchhquake probability analysis.
Fig. 4. Criteria for probability mapping using ANN. (a) Slope, (b) curvature, (c) elevation, (d) aspect, (e) lithology, (f) amplification factor, (g) distance from faults, (h)
fault density, (i) depth density, (j) epicenter density, (k) PGA density, (l) magnitude density, and (m) distance from epicenter.
R. Jena et al. Geoscience Frontiers 11 (2020) 613–634as vendor selection, project prioritization, selection of technology, site
selection, and decision making (Panahi et al., 2014, Alizadeh et al.,
2018a). The AHP approach assists decision makers to observe and notice
the one that is suitable for their problems and goals. The numerical619values resulted from the subjective evaluations are applied to rank each
alternative data layer using a numerical scale. The details of the meth-
odology can be described in the following steps (Paola and Scho-
wengerdt, 1995; Gong, 1996; Atkinson and Tatnall, 1997; Abraham,
Fig. 4. (continued).
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5.4.1. Step 1: model construction and decision problem structuring
A problem is decomposed into a hierarchy structure that includes
goal, criteria, sub-criteria, and alternatives. A relationship between the
elements within an inverted tree-structured network can be specified
using a suitable method (Alizadeh et al., 2018a).
5.4.2. Step 2: pairwise comparison
In AHP, the problem is described on the basis of clusters and decision
elements in multiple abstractions. For example, the first cluster in this
work is the goal (e.g., vulnerability mapping), the second is the criteria or
the dimension, and the third is indicators (11 selected indicators are
applied). A paired comparison for the decision elements was conducted
in each cluster to identify the importance with respect to control crite-
rion. Interdependencies were also inspected pairwise among the different
criteria. Eigenvectors obtained from the comparison can describe the
influences of elements on each other and can measure their relative
significance by a scale of 1–9, in which the 1 represents equal and the 9
represents extreme significance (Panahi et al., 2014). The measurement
processes through a matrix with a row component and a column
component within the matrix. For reverse comparison, a correlative
value was set that illustrates the (ith) element significance (Alizadeh
et al., 2018a). The values for pairwise comparison are allocated within
the matrix and computed the local priority vector that was gained from
the eigenvector by the following formula (Alizadeh et al., 2018a):
AW ¼ lmaxW (5)
A is the pairwise comparison matrix and W is denoted as the eigen-
vector. lmax represents the largest eigenvalue and X is the eigenvector of
a consistency matrix (A) can be obtained by using the formula
ðA  lmaxIÞX ¼ 0 (6)
The consistency index was generally measured to define the consis-
tency degree that can be presented using
CI ¼ ðλmax  nÞ=ðn 1Þ (7)
where λmax is the validation parameter. Consistency index (CI) is a
measure of consistency of pairwise matrixes. The accepted consistency
ratio (CR) value should be less than 0.1, and the equation can be repre-
sented by
CR ¼ CI=RI (8)
The CI should be compared with RI (random index, which representsTable 3
Parameters and stopping criteria for the ANN model.
Criteria Parameters Values
Input specifications Total training points 1546
Total earthquake events 623
Network topology Hidden layers 2
Hidden layer sizes (32,64)
Input layer nodes 13
Output layer nodes 1
Training parameters Activation relu
Solver sgd
Batch size 2







Stopping criteria RMSE 0.3
Accuracy rate 84
621the average consistency). The ratio between them is specifically called
the CI. If the estimated value is CR  0:1, then it is acceptable; other-
wise, a new attempt should be repeated for the effective comparison
matrix until the acceptable value is achieved.
5.4.3. Step 3. calculation of supermatrix
Pairwise comparisons are applied to estimate the supermatrix that is
partitioned on the basis of elements and clusters. The supermatrix
characterized by N number of clusters is introduced in Eq. (9) (Alizadeh
et al., 2018a), where Ck ¼ kth, cluster where k¼ (1, 2, 3 … n).
The number of items are Mk in each cluster and can be presented as
(ek1, ek2 …. ekmk)
Wij is denoted as a priority vector. It represents the ith cluster sig-
nificance based on cluster j.
5.4.4. Step 4. selection
This step is important for assessing each indicator to choose the best
one for the effective analysis and good accuracy of the result. Alternative
weights can be obtained from the supermatrix in this step.5.5. Conditioning factors
In total, 13 layers are applied for the earthquakes probability map-
ping. The chosen layers are based on the literature review and the trial-
and-error approach in ANN (Nedic et al., 2014). Therefore, on the basis of
the importance of all the conditioning factors, 13 different layers were
applied, and some unnecessary layers were removed from the analysis.
The ranking of layers and weights was analyzed by using ANN. The
highest ranked layers were magnitude density, fault density, distance
from fault, and epicenter density. These layers are followed by amplifi-
cation factors, PGA density, depth density, lithology, elevation, slope,
curvature, and aspect. All the layers are displayed in Fig. 4. The ANN
model estimates the weight of the layers. Trial and error method helped
us to understand the importance of layers and to generate the final map.
Finally, the earthquake points were predicted with reasonable accuracy.
The details of the parameters are explained in Table 3.
5.5.1. Environmental indicators
Lithology: Banda Aceh is characterized by quaternary sediments with
patches of peridotite. Therefore, this provides an indicator of seismic
amplification (Dimri et al., 2007; Alizadeh et al., 2018a). Geological
formations in the study area is associated with unconsolidated sedi-
mentary deposits, which is the main reason of ground shaking.
Slope: Slope is one of the key factors for earthquake and landslide
analysis. However, slopes are associated with the faults and provide the
information of fault slip (Alizadeh et al., 2018a). Slopes in the hilly
drainage basins are mostly rough, where the fault size and length de-
pends on the slope inclination (Bathrellos et al., 2017).
Elevation: This indicator is important because hilly regions are highly
seismic relative to the plane lands given the complicated tectonics and
structure (Alizadeh et al., 2018a). It is an important aspect of earthquake
Fig. 5. Criteria for vulnerability mapping using AHP. (a) Building density, (b) district offices density, (c) density of educated people, (d) environmental infrastructure,
(e) major offices, (f) population density, (g) distance from service centers, (h) stadium, (i) transportation nodes, (j) distribution universities, and (k) distribution of
village chiefs.
R. Jena et al. Geoscience Frontiers 11 (2020) 613–634probability mapping derived from DEM (Digital elevation model).
Curvature: It gives the positive and negative values of the surface
because we can recognize the sediment deposits more in the basin than
the dome part of a region, which is important for the seismic study622(Gitamandalaksana, 2009).
Aspect: Generally, faults are not characterized by straight lines, plain
surfaces, and those vertical to the surface. The dipping direction of faults
is associated with the direction of slopes, thereby making it important for
Fig. 5. (continued).
R. Jena et al. Geoscience Frontiers 11 (2020) 613–634the study (Zebardast, 2013; Bathrellos et al., 2017).
Distance to fault: It is an important factor because the earthquake
potential zones are extremely near to faults, and they decrease with
distance (Martins et al., 2012; Bathrellos et al., 2017; Alizadeh et al.,
2018a). All the active faults from the study area were considered in this
study. Buffer zones were formulated surrounding the faults and623categorized into three sections.
Fault density: Fault density is important because the high density of
faults indicates the complex tectonics and are more prone areas for
earthquakes (Dimri et al., 2007; Alizadeh et al., 2018a). The occurrence
of earthquakes with high magnitude is associated with the fault area,
therefore, the complex fault system can produce high magnitude
Table 4
Decision matrix for vulnerability assessment.
Category 1 2 3 4 5 6 7 8 9 10 11
1 1 3 0.33 3 4 2 3 5 3 0.25 2
2 0.33 1 0.25 2 3 1 0.5 1 1 0.25 1
3 3 4 1 5 5 3 3 4 3 0.5 4
4 0.33 0.5 0.2 1 1 0.33 0.33 0.5 0.25 0.2 0.5
5 0.25 0.33 0.2 1 1 0.33 0.33 0.5 0.33 0.2 0.33
6 0.5 1 0.33 3 3 1 3 3 2 0.33 2
7 0.33 2 0.33 3 3 0.33 1 3 2 0.25 2
8 0.2 1 0.25 2 2 0.33 0.33 1 1 0.2 0.33
9 0.33 1 0.33 4 3 0.5 0.5 1 1 0.25 2
10 4 4 2 5 5 3 4 5 4 1 5
11 0.5 1 0.25 2 3 0.5 0.5 3 0.5 0.2 1
Fig. 6. Training data used for earthquake probability mapping.
R. Jena et al. Geoscience Frontiers 11 (2020) 613–634earthquakes as well as in numbers (Bathrellos et al., 2017).
5.5.2. Seismic indicators
Magnitude density: Magnitude density provides the chances of
occurrence of a particular magnitude of earthquake at the highly expe-
rienced zone (Soe et al., 2009; Zebardast, 2013; Bathrellos et al., 2017).
PGA density: It is an important indicator because it provides ground
acceleration information that is related to the lithology, magnitude, and
distance from the earthquake source zone (Soe et al., 2009;
Morales-Esteban et al., 2013).624Depth density: It provides information about the fault zone if the
earthquake focuses are at the same depth and the velocity of the seismic
waves changes with depth, because shallow focus earthquakes are more
dangerous than deep focus earthquakes (Soe et al., 2009).
Epicenter density: Epicenter density provides the zone of earthquake
clustering that indicates the earthquake probable zones (Soe et al., 2009).
By analyzing the epicenter density, we can focus on epicenters of a pair of
large earthquakes, riftogenesis attractor structures and the main fractures
(Rashed et al., 2003).
Amplification factor: It is one of the important key indicators because
R. Jena et al. Geoscience Frontiers 11 (2020) 613–634the amplification value of each lithotype must be analyzed in an earth-
quake study (Soe et al., 2009; Morales-Esteban et al., 2013).
5.6. Vulnerability indicators
For vulnerability mapping, 11 layers were selected (Alizadeh et al.,
2018a). The layers were building density, district office, educated people
density, environmental infrastructure, stadium, distribution of univer-
sities, distribution of village chiefs, distance from service centers, major
offices, district offices density, population density, and transport nodes,
as presented in Fig. 5. For pairwise comparison, the relative importance
of the layers was estimated on the basis of Table 4. Then, by applying the
normalization technique, the weight and rank of all the layers were
evaluated. In the next step, the weighted sum tool in the GIS is used to
make the vulnerability map.
5.6.1. Social indicators
Population density: The population density is increasing every year,
as indicated by the 2000–2017 census data. Unfortunately, the increased
population density is towards the seismic gap of the GSF fault in Banda
Aceh, thereby resulting in high vulnerability (Rygel et al., 2006; D’Ayala
et al., 2008; Armaş et al., 2012; Alizadeh et al., 2018a). We did not
consider the age, male, female indicators in this study because of inac-
cessible data.
Educated people density: A higher level of literacy can increase more
about the awareness of hazard among the people than uneducated peo-
ple. Education can enhance responsibilities during disasters (Rygel et al.,
2006; Alizadeh et al., 2018a). These are 2nd level of factors after the
population density which is directly associated with vulnerability
assessment (Martins et al., 2012).
University distribution: Universities are the main source of education
that can raise crisis alarms hazards. Therefore, the good distribution of
universities in a large city is significant (Alizadeh et al., 2018a). This is
the indicator in which the condition of total availability of students,
daytime and nighttime vulnerability indicators were not considered
(Martins et al., 2012).
Village chief distribution: “Chiefs” are the highly respected persons in
village areas. Through chiefs, the government can provide information
on disasters to the people (Armaş et al., 2012; Alizadeh et al., 2018a).
5.6.2. Physical indicators
Building density: Land allocation, lowering building construction,
and equal distribution of buildings, along with a perfect development
plan, can decrease vulnerability to disasters (Aghataher et al., 2008;
Alizadeh et al., 2018a). Having an aim to minimize future destruction
may associate with future seismic activity, it is important to focus on
buildings to reinforce the old structures in the city, which are vulnerable
(Oliveira et al., 2003).
Service centers and offices: The main offices and the service center
distribution is extremely important for a well-planned city in lowering
vulnerability (Alizadeh et al., 2018a).
Transportation nodes: Transportation nodes are a key factor in
disaster management. Street classification is more important than system
performance (Rashed et al., 2003; Alizadeh et al., 2018a).
Environmental infrastructure: It is one of the major factors that must
be considered for earthquake vulnerability assessment (Wisner et al.,
2003). Environmental infrastructures need to be updated to reduce the
vulnerability (Alizadeh et al., 2018a).
Stadiums: Stadiums full of people are more vulnerable than empty
stadiums (Rygel et al., 2006).
5.7. Implementation of developed model
In this current analysis, an ANN–AHP model was developed and
implemented as follows. A feed-forward ANN with a three-layered
structure was applied, and we trained the large area of Aceh province625with a set of earthquake data points and an applied backpropagation
algorithm for root mean square error (RMSE) calculation. Feed-forward
ANN clearly describes the interconnection between the neurons in
different layers. Then, the small area of Banda Aceh was applied to test
and to map the probability. First, the input data layers were converted
into multiple data point values. We load some external libraries to
conduct modeling in the first step; these libraries include operation
system, data management, numerical analysis, and neural network. We
also performed this step to measure the error rate of a model and for
plotting purposes. In the next step, we built a neural network using the
MLP classifiers. Then, we applied normalization to all the layers. In the
next step, we trained the neural network for probability mapping. We
measured the accuracy of the trainedmodel. Then, we predicted the pixel
values for the study area of Banda Aceh. The final map of probability was
the result, which we analyzed on the basis of the literature review and
expert experience. The final probability map was characterized with high
to low probability of earthquake occurrence in Banda Aceh. Conse-
quently, we produced a hazard map by considering the earthquake in-
tensity distribution. Then, we classified the hazardmap into five different
zones. The ANN model works significantly with good accuracy. The AHP
methodology was implemented for vulnerability mapping based on the
steps described above in AHP methodology architecture. Layers for
analysis were chosen correctly and referred to some current literature. In
addition, the quality of the results was analyzed on the basis of the
achieved CR (0.04), which yielded good results. Finally, wemultiply both
the hazard and vulnerability map to produce the earthquake risk map.
5.8. Performance evaluation
This section is important for understanding the obtained results.
Several metrics are available that are used as benchmarks to analyze the
performance of our projected neural network model, such as space, time,
and model accuracy. Although time and space are highly important for
the training of a model and may create an obstacle; therefore, we applied
RMSE to evaluate the performance of applied ANN inside the ANN–AHP
model. Several researchers have applied and understood the best per-
formance obtained by the metric RMSE, which was selected on the basis
of problem nature and the expected results (Alarifi et al., 2012). The
results of our ANNmodel and AHPmethod are presented in the section of
results and discussion. The presented results are easy to understand and
facilitate decision-making.
5.9. Performance metrics
5.9.1. Mean absolute error (MAE)
MAE is a quantity used to measure how close predictions are to the





5.9.2. Root mean square error (RMSE)
RMSE estimates the average error based on a quadratic scoring rule.
RMSE is the square root of the average of squared differences between
prediction and actual observation. It provides the average prediction
error of a network. The values of RMSE ranges from zero to infinity.
However, the lower values expressed by the RMSE gives a better result.
RMSE is better than the mean absolute error (MAE), whereas large errors
are unacceptable. Therefore, RMSE is more appropriate for error mea-









The RMSE values byj that are predicted for times j of a variable of
Fig. 7. Accuracy assessment curve (ROC) for the earthquake probability map.
Table 5







1-FPR TF Thresholds Crossover
0.132982 0.848876 0.867018 0.048142 1 1
Total earthquakes belong to predicted pixels: 616 earthquakes out of 1546 training points
of Aceh province.
The Total Area Under Risk: 608,400 m2 in the Aceh province.
R. Jena et al. Geoscience Frontiers 11 (2020) 613–634regression’s dependent yj with y different predictions for observed vari-
ables over T times is computed as the RMSE. The RMSE value for this
study is 0.3 based on the training site of Aceh province with an accuracy
value of 0.84. An accuracy curve (ROC) was developed and described in
the results and discussion part of the paper.
6. Results and discussion
6.1. Probability and hazard results of applied MLP
6.1.1. Probability estimation
MLP calculates the information based on the training data. MLP ex-
ecutes the analysis of a non-parametric regression between the input and
dependent variables finally in the system that were recognized by an
output neuron. MLP was applied to map the earthquake probability in
Banda Aceh. The probability results indicate that the training accuracy
was reasonably good with a total prediction of 616 earthquake points out
of 624. The approach was unable to predict the other eight earthquakes
because of the noise in the probability indicators.
The total prediction was out of 1546 training points characterized by
both earthquake and non-earthquake points in Aceh province, as pre-
sented in Fig. 6. The total area predicted from the network under risk is
approximately 608,400 m2 in Aceh province. Then, the model tested for
the study area of Banda Aceh as the capital of Aceh province. The true
positive rate (TPR) and false positive rate (FPR) that was obtained the
Banda Aceh were 0.84 and 0.13, respectively. The rate of 0.13 shows that
each time we call for a positive, we obtain this specific probability of
being wrong. Therefore, this value is called the false positive rate. Like-
wise, a true negative rate can be analyzed. The graphical representation
of accuracy is presented in Fig. 7.
The details of TPR, FPR, 1-FPR, TF, threshold, and crossover are listed
in Table 5. The accuracy of the prediction was 0.84 with RMSE 0.3. Given
that the city is very small and is located near the GSF with no evidence of626historical earthquakes, the seismic gap in Aceh province may experience
future earthquakes. However, the high probability areas can be found in
the SE corner of the city, and low probability can be found towards the
NW corner of the city as per the resultant probability map. The map
explains the potential zone for earthquakes within the city, as presented
in Fig. 8. The SE region of the city found to have very high probability,
whereas the NW part of the city falls under very low probability. The
reason behind the high probability in this region is the high fault density,
epicenter density, magnitude density, and low distance from the active
fault along with high height and amplification value as the city is mostly
covered with quaternary sedimentary rocks. The low probability of the
NW part of the city is because of low epicenter, magnitude, and active
fault density, along with low height and slope.
6.1.2. Hazard estimation
A hazardmapwas developed using the probability map and presented
in Fig. 9. The main objective of the hazard map is to provide information
on the extent of possible damage and the activities of disaster prevention.
The most important point is to provide residents with comprehensible
information by hazard map. The level of danger of an earthquake can be
understood by its intensity. The intensity pattern in the study area can be
defined on the basis of the historical records of destructive earthquakes
and statistical calculations. Near Banda Aceh along the GSF, high-
intensity earthquakes may occur occasionally. We calculated how high
the level of destruction can be in case of such high-intensity earthquakes.
Therefore, we assumed that when the earthquake intensity becomes
more than 9, the hazard will be very high, whereas the intensity 8–9 will
be considered high hazard areas, 8–7 is considered medium, 7–5 is low,
and below 5 is very low. The hazard map was classified into five different
classes based on the quantile classification technique. The results indicate
that very high hazard can be found in the SE part of the city and very low
hazard in the NW part because of high magnitude earthquakes near the
SE part of the city. This type of hazard map is the basic map for the
administrative agencies that can be used for disaster prevention services.
These maps are used to develop an evacuation and warning system, as
well as available facts for land use regulations. These maps can also be
used in inhibitory works.
For the results described in this section, we recognized that the better
capabilities of a neural network for earthquake prediction and proba-
bility modeling characterized by nonlinear and complex relationships
among the variables is a developedmodel to handle variable interactions.
Neural networks are not an easily understandable model, but they
become complicated with a large number of variables. The performance
results explained in this study indicate that the potential of a neural
network can be useful for earthquake probability mapping in other study
areas and is worthy of further investigation.6.2. Vulnerability index estimation
Integration and aggregation of the various significant indicators
described in the data table are included in the tree of the AHP approach.
Table 6 shows the process and the criteria weights in the hierarchical
tree. The calculated rank of criteria, as well as the eigenvalues and
consistency ratios, are presented in Table 6. The experts can understand
the resulted weights and ranks for various criteria by the preliminary
investigations, and they can monitor the AHP approach adaptation and
review the obtained vulnerability map and the associated uncertainties,
thereby approving the resulting map. We considered all the layers,
analyzed the significance of all the layers using the AHP ranking
approach, and applied them to GIS for the vulnerability mapping.
The resultant vulnerability map (Fig. 10) was acquired by the pro-
cessing of several vulnerable indicators. In total, 55 comparisons were
made with the resultant CR of 0.04. The principal eigenvalue was 11.728
based on the analysis, and the eigenvector solution was five iterations.
Fig. 8. Earthquake probability map.
R. Jena et al. Geoscience Frontiers 11 (2020) 613–634Mathematically, an eigenvalue that should be non-zero, which corre-
sponds to an eigenvector, points in a direction that is stretched by the
transformation. The eigenvalue is the factor by which it is stretched. A
negative eigenvalue represents a reverse direction. However, the CR
shows that the importance of all the layers is evaluated carefully and
accurately. The delta value of 3.3E8 was obtained from AHP in this
analysis. Population density, educated people, and building density were
ranked as 1, 2, and 3, with weights of 24.9%, 19.2%, and 12.2%,
respectively. The lowest rank was obtained by environmental infra-
structure and stadium, whereas the remainder were ranked medium. The
resultant map was classified into five different categories according to
experience: very low, low, medium, high, and very high. The results
indicate that the mapped areas can be calculated using the option of
geometry. Very high vulnerability can be found in the south-central part
of the study area because of the high building and population density,
along with the government offices and educated people density. Very low
vulnerability was observed in the NW part because of the reverse con-
ditions in the region. Therefore, our map is good and useful for national
and local government organizations in their vulnerability mapping.
6.3. Risk estimation
An earthquake risk map was prepared for Banda Aceh by multiplying
the hazard and vulnerability map. The resultant map was classified into
five classes by using the quantile classification technique (Birkmann and
Welle, 2015). Therefore, the areas of all the classes were calculated for627the city and for different zones within the city. The geometry showed that
7.23% of the entire area was under extreme risk. High, moderate, low,
and very low-risk zones represent 15.31%, 20.99%, 28.70%, and 27.72%
of the total area, respectively (Table 8). On the basis of the geographic
position, the east-southern part of the city, comprising zones 2, 3, 5, 6,
and 7, represent the regions with moderate risk. Given the few people
and low infrastructure in the zones, 1, 4, 9, and some parts of 3 and 8, the
risk chances are low. However, in the south to central regions of the city,
zones 3, 5, 7, 8, and some parts of 6 are considered high-risk areas
because of the high population density, building density, educated peo-
ple, government offices, and proximity to the seismic gap of GSF.
By simply understanding the vulnerable and hazard zone size and
area, one can obtain the impact level of the probable future earthquakes.
Therefore, population data of Banda Aceh were used for estimation of the
population risk. Thus, risk mapping was conducted in all nine zones of
Banda Aceh, as illustrated in Fig. 11 and graphically presented in Fig. 12.
The most clustered risk zones are identified. Overall, three zones are
considered highly risky areas; the main reason is their geographical
location and high population. The detailed calculations of earthquake
population risk and area risk for nine different zones and for the entire
area are presented in Tables 7 and 8, respectively.
The issues can be understood by considering five main situations.
(1) Areas with very high population, structural, and geotechnical
vulnerability comprise 7.23% risk area of the total area. The most
at-risk zones are located, as per the results, in zones 3, 5, and 7;
Fig. 9. Earthquake hazard map.
Table 6
Evaluation of weights and rank of layers.
R. Jena et al. Geoscience Frontiers 11 (2020) 613–634either demolition or reconstruction of poor quality buildings are
required.
(2) The highest number of buildings can be found in the central part
of Banda Aceh. However, buildings are situated in zones 2, 3, 5, 7628and 8, and their risk can be reduced by retrofitting and modifi-
cation based on seismic ground shaking.
(3) Moderate risk from geotechnical, structural, and social indicators
is found in nearly 20.99% of the city area. Populations in zones 1,
2, 6 and some parts of zones 3, 5, 7 are under moderate risk.
Retrofitting or, occasionally, destruction or renovation of the
buildings can reduce risk.
(4) Populations with low risk can be found in 28.70% of the city. The
buildings in zones 1, 2, 6, 8, and 9 are safe and not particularly
vulnerable.
(5) An extremely low density of residential buildings with low pop-
ulation, which showed very low risk, comprise approximately
27.72% of the total area. By considering the circumstances of
structural and geotechnical data, the buildings in this area are
under less risk than those in other classes.
7. Validation
Validation of the resulted probability map was implemented in
sequence to examine the accuracy (Mohammady et al., 2012; Zare et al.,
2013; Pradhan et al., 2014; Tehrany et al., 2014; Youssef et al., 2015;
Aghdam et al., 2016; Tien Bui et al., 2016; Fanos and Pradhan, 2019) in
Fig. 13. The trained model of Aceh province was obtained and converted
to a probability map of Aceh using GIS. The trained earthquake proba-
bility map was presented with five different classes to recognize various
Fig. 10. Earthquake vulnerability map.
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map accurately shows the domain of interest. If we consider the loca-
tion of Banda Aceh in the trained map of probability, then we can un-
derstand that the result of Banda Aceh matched with the trained map.
Not achieving such accuracy may occur when using stand-
ardized/classified data. The total number of training points of earth-
quakes and the surrounding earthquakes of Aceh province were also used
to validate the result. Mostly, the earthquakes were focused on the east,
west, and southern regions of Banda Aceh. Therefore, we find that the
resultant probability map has a high probability of earthquake occur-
rence towards the east, west, and southern regions. The histogram of
earthquake probability was also presented to understand the flow of
probability from one part of a city to the other parts. Hence, the domain
mentioned here in this study can be notably seen in the output that
represents compatibility and flexibility, proven with a human perspec-
tive. To validate the model results of integrated ANN–AHP following the
literature review, historical earthquake probability mapping results,
historical events, and earthquake impacts must be considered. However,
on the basis of the model accuracy of ANN and the CR of AHP, our
proposed result is significantly good.
8. Conclusions
In this study, we developed a model for the earthquake risk estima-
tion in an urban area using an integrated technique of ANN–AHP. The629model is a GIS-based spatial analysis useful for the city scale. The
adopting information about the indicators selection from the literature
with combined techniques was advantageous and effective for ERA that
was applied for Banda Aceh. However, the incorporation of knowledge
about geomorphology, geology, and structural information, as well as the
data of historical earthquake events, are important and will aid in
generating an earthquake risk map for the city. Nine zones of Banda Aceh
were used into the investigation as two groups of analysis characterized
by several sub-parameters.
The ANN model is extremely useful for earthquake probability mea-
surement, and the AHP method is useful for the weight calculation of the
parameters for earthquake vulnerability assessment. The ranks and
weights were decided on the basis of the judgments and preferences of
the authors. Given that the RMSE is very low, the ANN model has a low
chance of misinterpretation of the earthquake probable areas, and the CR
in AHP shows the quality of vulnerability results. The developed method
found that an urban area may have several risk patterns if all factors are
considered. Findings indicate that the geological factors have contributed
the highest impact to earthquake probability assessment, whereas social
factors contribute highest for vulnerability assessment in Banda Aceh.
However, factors vary in different zones of Banda Aceh. The results
reveal that the highest risk zones were possibly 3, 5, 7, and 8 in the
central-southern part of the city. Comparatively, the other parts have
low-to-moderate earthquake risk. Developmental infrastructure and
master plans of the city show that it is expanding towards the southern
Fig. 11. Earthquake risk map.
Fig. 12. Estimated number of population and area within the risk zones.
R. Jena et al. Geoscience Frontiers 11 (2020) 613–634direction towards the GSF fault. Thus, at present, parts of the city with
various schools, universities, and informal settlements are situated near
the fault. Settlements, construction, and a developmental city plan near
the fault may cause a serious problem in future if the city grows towards
the fault without attention being placed on dangers posed by faults and630many other concerns.
Population density and building density are high in the very high-
risk zones. Government offices and the main transportation junctions
can critically exacerbate the conditions. The city deserves outstanding
consideration of support from the local and the national government to
Table 7
Estimated earthquake population risk and area.
ID Risk Area (km2) Hectare Percentage Population in risk
1 Very low 17.894 1789.46 27.72 65167
2 Low 17.524 1752.40 28.70 76268
3 Medium 12.55 1255.80 20.99 47981
4 High 9.885 988.56 15.31 32363
5 Very high 4.669 466.92 7.23 14018
Total 62.53 6253.14 100 235,797
Table 8
Estimation of earthquake risk area and population under risk in nine zones of Banda
ID Risk Area
(km2)
Hectare Percentage Zone Name ID
2 Low 4.764 476.4 32.89 2
1 Very low 8.962 896.2 61.88 Syiah Kuala 1
3 Medium 0.735 73.5 5.075 1 3
4 High 0.022 2.2 0.15 4
1448.3 100 5
3 Medium 2.73 281.9 55.6
2 Low 2.2 220 43.4 2 Ulee Kereng 3
4 High 0.05 5 0.99 4
506.9 100
1 Low 1.981 198.1 21.2 5
2 Very low 3.365 336.5 36.024 2
3 Medium 1.923 192.3 20.586 3 Kuta Alam 1
4 High 1.092 109.2 11.69
5 Very
high
0.98 98 10.49 5
934.1 100 4
1 Very low 1.347 134.7 37.89 3
2 Low 1.436 143.6 40.39 2
3 Medium 0.582 58.2 16.37 4 Kutaraja
4 High 0.179 17.9 5.035 2
5 Very
high
0.011 1.1 0.309 3
355.5 100 4




3 Medium 1.53 153 8.27 5 Baiturrahman 4
2 Low 1.1 110 45.8 5
766 100 3
2 Low 1.771 177.1 27.75 2
3 Medium 1.939 193.9 30.38
4 High 2.487 248.3 38.906 6 Lueng Bats 1
5 Very
High
0.189 18.9 2.96 2
638.2 100 3
2 Low 0.592 59.2 12.82 4
4 High 2.145 214.5 46.63 5
3 Medium 1.599 159.9 34.76 7 Banda Raya
5 Very
high
0.264 26.4 5.74 1
460 100 2
3 Medium 1.24 124.83 26.71 3
4 High 1.26 126.27 27.024 4
5 Very
high
0.66 66.95 14.32 8 Jaya Baru 5
2 Low 1.3 130.94 28.023
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631reassess the managing strategies of natural disasters because the city
already was exposed to the 2004 tsunami and its consequences.
Therefore, appropriate guides are needed to manage the city and aid
decision-makers to recognize the influence of various factors and to
understand the deficiencies in each zone. The critical condition of
buildings and the populated risk zone area should be included in gov-
ernment observations, and programs of risk reduction must be
improved. Lack of proper space distribution within the city and poor
developmental city planning can be considered the future factors for






Low 3.38 12309 39
Very low 4.04 14713 45.5
Medium 1.27 4625 14.44 9 Meuraxa





Medium 1.24 5837 37.41
High 1.26 4588 27.024
Very
high
0.66 1082 3.627 8 Jaya Baru
Low 1.3 4734 28.023





High 2.645 9633 52.91
Medium 1.499 5459 29.97 7 Banda Raya
Low 0.264 961 5.27
18210 100
Low 1.771 7449 32.14
Medium 1.939 8061 34.79









Medium 1.53 2295 8.3 5 Baiturrahman
Low 1.1 12710 45.97
27648 100
Very low 1.347 4906 37.89
Low 1.436 5230 40.39
Medium 0.582 2119 16.37 4 Kutaraja





Low 1.981 7214 21.2
Very low 3.365 12255 36.024
Medium 1.923 7003 20.586 3 Kuta Alam





(continued on next page)
Table 8 (continued )
ID Risk Area
(km2)





1 Very low 0.18 18.26 3.907 3 Medium 2.72 9906 53.66
467.25 100 2 Low 2.2 8312 45.02 2 Ulee Kereng
1 Low 3.38 338.42 38.06 4 High 0.05 242 1.31
2 Very low 4.04 404.14 45.45 18460 100
3 Medium 1.27 127.57 14.34 9 Meuraxa 2 Low 4.764 17350 32.89
4 High 0.15 15.46 1.74 1 Very low 8.962 32639 61.88 1 Syiah Kuala
5 Very
high
0.035 3.525 0.4 3 Medium 0.735 2676 5.075
889.115 100 4 High 0.022 80 0.15
52747 100
Fig. 13. Validation of earthquake mapping result: (A) Earthquake events in Aceh province (set of earthquakes in different zones of a, b, c); (B) zoomed image of Aceh
with earthquakes; (C) position of Banda Aceh and events in Aceh province; (D) earthquake probability map and presented as low to high with the set of earthquakes to
validate the Probability result; (E) histogram of probability map that shows the high and low probabilities.
R. Jena et al. Geoscience Frontiers 11 (2020) 613–634and practical estimation of earthquake risk and provides urban planning
information. The drawback of this study is that much time is needed for
the model’s implementation in a wider-scale region because the ANN
process is time-consuming, and it requires a large amount of training632data points within the integrated model for probability mapping. The
limitations of the proposed scheme include a lack of high-quality
infrastructure data and long processing time. Future studies may
include the application of artificial intelligence technique and hybrid
R. Jena et al. Geoscience Frontiers 11 (2020) 613–634models for earthquake risk mapping.
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